Based on the bias between modeled and observed climatic variables at each percentile (Δ in Fig. S2 ), 14
a method of Equidistant Cumulative Distribution Functions (EDCDF) is used to adjust the 15

Cumulative Distribution Function (CDF) of simulation datasets (1). Normal distribution and beta 16
distribution is fitted to temperature and relative humidity field, respectively, and a mixed gamma 17 distribution is fitted to precipitation and other climatic variables including wind speed and 18 shortwave radiation. EDCDF assumes that the difference between observed and modeled values 19 during the training period maintains in the correction period for a given percentile. The EDCDF 20 method ( Fig. S2 ) can be written as: 21 ∆= −1 ( ( )) − −1 ( ( )) 22
= + ∆ 23
Here, x is climatic variable; F is the cumulative distribution function (CDF) and F -1 is the inverse 24 CDF; oc denotes observations in the training period; mc denotes model outputs in the training period; 25 ms denotes model outputs in a correction period. to produce high-resolution outputs. SD is conducted based on the assumption that the topographic 32 and the climatic features determined fine-scale distribution of large-scale climate will remain 33 unchanged in the future periods. At the first step, 0.5°gridded observational climate variables over 34
China are interpolated to GCM coarse resolution using bilinear interpolation method based on their 35 multi-year averaged mean. Anomaly fields between the observational climate variables and bias 36 corrected model outputs for temperature is defined as the difference between simulated and 37 observed data, and for precipitation, wind speed, relative humidity and shortwave radiation, is the 38 ratio of model output to observational data. At the second step, the coarse resolution anomaly fields 39 of climate variables are interpolated to 0.5° resolution using bilinear interpolation method, and the 40 interpolated anomaly fields are applied to 0.5°gridded observational climate variables to get the 41 downscaled GCM simulations. 42
After bias correction and statistically downscaled by applying the EDCDF and SD methods, GCMs' 43 capabilities for describing regional climate pattern over China is improved obviously. Takes 
SI 2: Drought indices 61
The standardized precipitation index (SPI) is used to quantify the precipitation deficits or surpluses 62 by fitting long-term precipitation record to a gamma distribution (3) , and the standardized 63 precipitation-evapotranspiration index (SPEI) is calculated by normalizing the differences between 64 precipitation and Potential evapotranspiration (PET) into a log-logistic probability distribution (4). 65
Here, norminv is the standardization function. CP_P is cumulative probability of precipitation, and 71 CP_D is cumulative probability of D. Gamcdf is the gamma cumulative distribution function. q0 is 72 the probability of zero precipitation. P0 is the precipitation without zero values. CP_D is obtained 73 based on the log-logistic probability distribution. 74
The Palmer drought severity index (PDSI) is based on the supply and demand model of soil moisture 75 
SI 3: Estimation of potential and actual evapotranspiration 92
Previous studies show that increase of PET with anthropogenic climate change seems to be 93 overestimated by all existing PET functions except for the energy-only method (8, 9). Theoretically, 94
PET is equal to ET in the non-water-stressed conditions. We deduced PET in the non-water-stressed 95 conditions in China following various methods suggested by Milly and Dunne (Table S2) , and 96 compare them with evapotranspiration output directly from climate models. The non-water-stressed 97 locations and months are identified once the slope of parabola (when ET and precipitation is fitted 98 by a parabola) is less than 0.05 and ratio of ET and precipitation is less than 2. 99
As shown in Table S3 , PET by Thornthwaite, Hamon and Penman-Monteith methods approach most 100
closely with the values of non-water-stressed evapotranspiration (Ew) in climate models. 101
Meanwhile, changes of Ew in the warming world can be well captured by Penman-Monteith, but 102
Thornthwaite and Hamon equations overestimate the relative changes. We also found that Priestley- 
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Here, Rn is the net radiation at the crop surface (unit: MJ/m 2 /day) ; G is soil heat flux density 127 (MJ/m 2 /day), which is negligible at daily time scale; T denotes mean air temperature at 2 m height 128 Actual evapotranspiration (ET) is estimated in a two-layer "bucket" model of the soil. Soil moisture 151 storage is handled by dividing the soil into two layers and assuming that 1 inch of water can be 152 stored in the surface layer. If there is sufficient precipitation to satisfy the PET requirement for a 153 month, the ET would be equal to the PET. When the precipitation is less than the PET, the ET is the 154 difference between precipitation and soil moisture loss from both the surface and underlying soil 155 layers. 156
Here, Ls is soil moisture loss from the surface; Lu is soil moisture loss from the underlying soil 160 layer; Ss is soil moisture in surface layer; Su is soil moisture in the underlying soil layer. The 161 calculation is initialized during a month when the soil moisture storage assumed to be full. The 162 initial soil moisture storage is 1 in the surface soil layer, and 'field capacity'-1 in the underlying soil 163 layer. 164
SI 4: Identification and validation of drought events by different indices 165
Drought conditions are identified for each grid according to SPEI, PDSI, SPI values, and drought 166 event can be clustered by considering the feature of drought intensity, area, and duration. In this 167 study, droughts are identified by monthly scale by criteria of SPEI≤-1, PDSI≤-2, SPI≤-1 (Table S4) . 168
Starts from the drought center, which is a grid with the lowest SPEI, PDSI or SPI value, Intensity-169
Area-Duration analysis (17, 18) is conducted using the cluster algorithm, by attaching the adjacent 170 grids which meet the threshold of SPEI≤-1, PDSI≤-2, SPI≤-1 to the drought center. The processes 171 will be iterated until no any adjacent grid meets the drought criteria. Total coverage and averaged 172 drought indices over the clustered grids is the area and intensity of a drought event, respectively. 173
For each cluster, the events with area less than 50,000 km 2 are not included in the statistics (19). (Table S5 ). In addition, 194 aggravation of droughts is detected by the SPEI in the arid and semi-arid regions, while a weak 195 wetting trend is found by the PDSI (Fig. S5c) . PDSI from GCM outputs is -1.83 and -3.6, respectively, both are close to that from observational 210 data (-1.81 and -3.53), entails that intensity of drought events in China can be well captured by bias 211 corrected and downscaled GCMs (Fig.S6) . Under SSP1 and SSP4, GDP will reach at peak in 2080s and 2070s, respectively. Trajectory of GDP 227 under SSP2 lies at the middle (Fig. S7) . The slope (a) at the "intensity-loss rate" curve is an indicator of the adaptation capacity. Provinces 241 with lower a usually encounter a lower loss than those with higher a when facing droughts with 242 similar intensities. With the development of socioeconomy, the adaption capacity of human beings 243 to meteorological disasters, such as droughts, will increase. For reflecting the improved adaptation 244 capacity to cope with meteorological disasters in the future, slope (a) of the curves in Figs 
SI 9: Droughts by the SPI indices and estimated drought losses 274
According to SPI, drought intensity will increase from approximately -1.86 (severely dry) at the 275 reference period to -2.00 (extremely dry) and -1.93 (severely dry) at the 1.5°C and the 2.0°C 276 warming level, respectively. But decrease of drought area is projected with the warming of climate. 277
The annual averaged drought area might decrease from approximately 482,500 km 2 to 430,800 km 2 278 and 399,500 km 2 at the 1.5°C and the 2.0°C warming, respectively. Frequency of drought events 279 with different contiguous areas in China also shows a decreasing trend in the warming world (Fig.  280   S11) . Projected annual average loss will further decrease to make up 0.11% of the projected national GDP 296 (Fig. S13 and Table S7 ). (Table S8 and S6) . 326 327 
